influence. This water holding or root zone storage capacity, S R, in the unsaturated soil is 15 therefore the key component of many hydrological systems (Milly and Dunne, 1994 ; 16
Rodriguez-Iturbe et al., 2007). 17
There is increasing theoretical and experimental evidence that vegetation dynamically adapts 18 its root system, and thus S R , to environmental conditions, balancing between, on the one 19 hand, securing moisture to meet canopy water demand and, on the other hand, minimizing the 20 carbon investment for growth and maintenance of the root system (Brunner et al., 2015; 21 Schymanski et al., 2008; Tron et al., 2015) . In other words, the hydrologically active root 22 zone is optimized to guarantee productivity and transpiration of vegetation, given the climatic 23 circumstances (Kleidon, 2004) . Several studies already showed the strong influence of 24 climate on this hydrologically active root zone (e.g. Reynolds deal with such changes in the system, but rather for 'stationary' situations (Ehret et al., 2014) . 23 This is valid for both top-down hydrological models, e.g. HBV (Bergström, 1992) or GR4J 24 (Perrin et al., 2003) , and bottom-up models, e.g. MIKE-SHE (Refsgaard and Storm, 1995) critical importance as on-going land use and climate change dictates the need for a better 1 understanding of their effects on hydrological functioning (Troch et al., 2015) and their 2 explicit consideration in hydrological models for more reliable predictions under change 3 (Hrachowitz et al., 2013; Montanari et al., 2013) . 4 As a step towards such an improved understanding and the development of time-dynamic 5 models, we argue that root zone storage capacity S R , sometimes also referred to as plant 6 available water holding capacity, is a core component determining the hydrological response, 7 and needs to be treated as dynamically evolving parameter in hydrological modelling as a 8 function of climate and vegetation. Gao leads to the situation that soil porosity often effectively controls S R. Consider, as a thought 21 experiment, two plants of the same species growing on different soils. They will, with the 22 same average root depth, then have access to different volumes of water, which will merely 23 reflect the differences in soil porosity. This is in strong contradiction to the expectation that 24 these plants would design root systems that provide access to similar water volumes, given 25 the evidence for efficient carbon investment in root growth (Milly, 1994 Following a Monte-Carlo sampling approach, upper and lower bounds of E i were then 1 estimated based on 1000 random samples of these parameters, eventually leading to upper and 2 lower bounds for P e . The interception capacity was assumed to increase after deforestation for 3
Hubbard Brook WS2, as the debris was left at the site. For Hubbard Brook WS5 and HJ 4 Andrews WS1 the interception capacity was assumed to decrease after deforestation, as here 5 the debris was respectively burned and removed. Furthermore, in the absence of more detailed 6 information, it was assumed that the interception capacities changed linearly during 7 deforestation towards I max,change and linearly recovered to I max over the period T r as well. See 8 Table 2 for the applied parameter ranges. 9
Hereafter, the long term mean transpiration can be estimated with the remaining components 10 of the long term water balance, assuming no additional gains/losses, storage changes and/or 11 data errors: 12 , Based on this, the cumulative deficit between actual transpiration and precipitation over time 20
can be estimated by means of an 'infinite-reservoir'. In other words, the cumulative sum of 21 daily water deficits, i.e. evaporation minus precipitation, is calculated between T 0 , which is 22 the time the deficit equals zero, and T 1 , which is the time the total deficit returned to zero. The 23 maximum deficit of this period then represents the volume of water that needs to be stored to 24 provide vegetation continuous access to water throughout that time: 25 , to the extreme value distribution of Gumbel, and subsequently, the S R,20yr was determined. 6
For the study catchments that experienced logging and subsequent reforestation, it was 7 assumed that the root system converges towards a dynamic equilibrium approximately 10 8 years after reforestation. Thus, the equilibrium S R,20yr was estimated using only data over a 9
period that started at least 10 years after the treatment. For the growing root systems during 10 the years after reforesting, the storage capacity does not yet reach its dynamic equilibrium 11 S R,20yr . Instead of determining an equilibrium value, the maximum occurring deficit for each 12 year was in that case considered as the maximum demand and thus as the maximum required 13 storage S R,1yr for that year. To make these yearly estimates, the mean transpiration was 14 determined in a similar fashion as stated by Equation 2. However, the assumption of no 15 storage change may not be valid for 1-year periods. In a trade-off, the mean transpiration was 16 determined based on the 2-year water balance, thus assuming no storage change over these 17
years. 18
The deficits in the months October-April are highly affected by snowfall, as estimates of the 19 effective precipitation are estimated without accounting for snow, leading to soil moisture 20 changes that spread out over an unknown longer period due to the melt process. Therefore, to 21 avoid this influence of snow, only deficits as defined by Equation 5 , in the period of September are taken into consideration, which is also the period where deficits are caused by 23 relatively low rainfall precipitation and high transpiration rates, thus causing soil moisture 24 depletion and drought stress for the vegetation, and in turn, shaping the root zone. 25 3.2 Model-derived root zone storage capacity S u,max 26 The water balance derived equilibrium S R,20yr as well as the dynamically changing S R,1yr that 27 reflects regrowth patterns in the years after treatment were compared with estimates of the 28 calibrated parameter S u,max , which represents the mean catchment root zone storage capacity 29 in lumped conceptual hydrological models. Due to the lack of direct observations of the 30 changes in the root zone storage capacity, this comparison was used to investigate whether the 31 
FLEX

10
A FLEX-based model (Fenicia et al., 2008 ) was applied in a lumped way to the catchments. It 11 consists of five storage components. First, a snow routine has to be run before the 12 precipitation enters the interception reservoir. Here, water evaporates at potential rates or, 13 when exceeding a threshold, continues to the soil moisture reservoir. The soil moisture 14 routine is modelled in a similar way as the Xinanjiang model (Zhao, 1992) . Briefly, it 15 contains a distribution function that determines the fraction of the catchment where the 16 storage deficit in the root zone is satisfied and that is therefore connected to the stream and 17 generating storm runoff. From the soil moisture reservoir, water can further percolate down to 18 the groundwater or leave the reservoir through transpiration. 19 Water that cannot be stored in the soil moisture storage then is split into preferential 20 percolation to the groundwater and runoff generating fluxes that enter a fast reservoir, which 21 represents fast responding system components such as shallow subsurface and overland flow. 22 When the cumulative sums of the residuals plot outside the 95%-confidence interval defined 7 by the ellipse, the null-hypothesis that the time series are homogeneous is rejected. In that 8 case, the residuals from this linear regression where residual values change from either solely 9 increasing to decreasing or vice versa, can then be used to identify different sub-periods in 10
HYPE
Thus, in a second step, for each identified sub-period a new regression, with new (cumulative) 12 residuals, can be used to check homogeneity for these sub-periods. In a similar way as before, 13 when the cumulative residuals of these sub-periods now plot within the accompanying newly 14 created 95%-confidence ellipse, the two series are homogeneous for these sub-periods. In 15 other words, the two time series show a consistent behavior over this particular period. 16 
17
Model with time-dynamic formulation of S u,max 18
In a last step, the FLEX model was reformulated to allow for a time-dynamic representation 19 of the parameter S u,max , reflecting the root zone storage capacity. 20
As a reference, the long-term water balance derived root zone storage capacity S R,20yr was 21 used as a static formulation of S u,max in the model, and thus kept constant in time. The 22 remaining parameters were calibrated using the calibration strategy outlined above over a 23 period starting with the treatment in the individual catchments until at least 15 years after the 24 end of the treatment. This was done to focus on the period under change (i.e. vegetation 25 removal and recovery), during which the differences between static and dynamic formulations 26 of S u,max are assumed to be most pronounced. 27 To test the effect of a dynamic formulation of S u,max as a function of forest regrowth, the 28 calibration was run with a series temporally evolving root zone storage capacities, similar to 29 dynamic character of the root zone storage capacity in a conceptual hydrological model. In 9 this way, root growth is exclusively determined dependent on time, whereas the shape-10 parameters a and b merely implicitly reflect the influence of other factors, such as climatic 11 forcing in a lumped way. These parameters were estimated based on qualitative judgement so 12 that S u,max (t) coincides well with the suite of S R1yr values after logging. This approach was 13 followed to filter out the short term fluctuations in the S R1yr values, which is not warranted by 14 this equation. In addition, it should be noted that this rather simple approach is merely meant 15 as a proof-of-concept for a dynamic formulation of S u,max . 16 In addition, the remaining parameter directly related to vegetation, the interception capacity 17 (Imax), was also assigned a time-dynamic formulation. Here, the shape of the growth function where S dyn and S stat are the distributions of the signature performance metrics of the dynamic 6 and static model, respectively, for the set of all feasible solutions retained from calibration, r i 7 is a single realization from the distribution of S dyn and n is the total number of realizations of 8 the S dyn distribution. For P I,S > 0.5 it is then more likely that the dynamic model outperforms 9 the static model with respect to the signature under consideration, and vice versa for P I,S < 0.5. 10
The signature performance metrics that were used are the relative error for single-valued 11 signatures and the Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970) for signatures that 12 represent a time series. 13 In addition, as a more quantitative measure, the Ranked Probability Score, giving information 14 on the magnitude of model improvement or deterioration, was calculated (Wilks, 2005) : 15 (13) 16 where M is the number of feasible solutions, p k the probability of a certain signature 17 performance to occur and o k the probability of the observation to occur (either 1 or 0, as there 18 is only a single observation). Briefly, the S RP represents the area enclosed between the 19 cumulative probability distribution obtained by model results and the cumulative probability 20 distribution of the observations. Thus, when modelled and observed cumulative probabilities 21 are identical, the enclosed area goes to zero. Therefore, the difference between the S RP for the 
Deforestation and changes in hydrological response dynamics 2
We found that the three deforested catchments in the two research forests show generally 3 similar response dynamics after the logging of the catchments (Fig.2) . This supports the 4 findings from previous studies of these catchments (Andréassian, 2004 The annual autocorrelation coefficients with a 1-day lag time are generally lower after logging 23 than in the years before the change, which can be seen in particular from Figures 2e and 2f as 24 here a long pre-treatment time series record is available. Nevertheless, the climatic influence 25 cannot be ignored here, as the reference watershed shows a similar pattern. Only for Hubbard 26 Brook WS5 (Fig. 2f) , the autocorrelation shows reduced values in the first years after logging. 27
Thus, the flows at any time t+1 are less dependent on the flows at t, which points towards less 28 memory and thus less storage in the system (i.e. reduced S R ), leading to increased peak flows, 29 similar to the reports of, for example, Patric and Reinhart (1971) The declining limb density for HJ Andrews WS1 (Fig. 2g) shows increased values right after 1 deforestation, whereas longer after deforestation the values seem to plot closer to the values 2 obtained from the reference watershed. This indicates that for the same number of peaks less 3 time was needed for the recession in the hydrograph in the early years after logging. In 4 contrast, the rising limb density shows increased values during and right after deforestation 5
for Hubbard Brook WS2 and WS5 (Fig 2k-2l) , compared to the reference watershed. Here, 6 less time was needed for the rising part of the hydrograph in the more early years after 7 logging. Thus, the recession seems to be affected in HJ Andrews WS1, whereas the Hubbard 8
Brook watersheds exhibits a quicker rise of the hydrograph. 
Temporal evolution of S R and S u,max 18
The observed changes in the hydrological response of the study catchments (as discussed 19 above) were also clearly reflected in the temporal evolution of the root zone storage capacities 20 as described by the catchment models (Fig. 4) . The models all exhibited Kling- Gupta 21 efficiencies ranging between 0.5 and 0. 
The HJ Andrews WS1 shows the clearest signal when looking at the water balance derived 3 S R , as can be seen by the green shaded area in Figure 4a . Before deforestation, the root zone 4 storage capacity S R,1yr was found to be around 400mm. In spite of the high annual 5 precipitation volumes, such comparatively high S R,1yr is plausible given the marked 6 seasonality of the precipitation in the Mediterranean climate (Koeppen-Geiger class Csb) and 7 the approximately 6 months phase shift between precipitation and potential evaporation peaks 8 in the study catchment, which dictates that the storage capacities need to be large enough to 9 store precipitation falling mostly during winter throughout the extended dry periods with free calibration parameters) show a somewhat higher similarity to S R,1yr and its temporal 22 evolution than the values from the other two models. In spite of similar general patterns in 23 S u,max , the higher number of parameters in TUW (i.e. 15) result, due to compensation effects 24 between individual parameters, in wider uncertainty bounds which are less sensitive to 25 change. It was also observed that in particular TUW overestimates S u,max compared to S R,1yr , 26 which is caused by the absence of an interception reservoir, leading to a root zone that has to 27 satisfy not only transpiration but all evaporative fluxes. 28
It was observed that in the period 1971-1978 S R,1yr slowly decreased again in HJ Andrews. 29 This pattern indicates that the storage demand in these years was lower as more rainfall 30 reduced the need for storage in the system, which can be seen from the rainfall chart on top of 31 Figure 4a . This reduced demand for storage could potentially indicate a contracting root 32
Hydrol (Figure 4a ), still the modelled peaks are relatively high 7 compared to the observed peaks. This suggests that the model requires a higher buffer in the 8 root zone to reduce the peak flows rather than that root zones should have contracted in this 9 time of reduced need. Thus, from 1980 and onwards the system can rather easily survive the 10 period of growing demand caused by the relatively dry and warm years. 11
Hubbard Brook WS2 exhibits a similarly clear decrease in root zone storage capacity as a 12 response to deforestation, as shown in Figure 4b These disturbances lead to extra compaction, whereas at the same time species were changing, 2 effectively masking any changes in runoff dynamics. 3
Process understanding -trend analysis and change in hydrological 4 regimes 5
The trend analysis for water-balance derived values of S R,1yr suggests that for all three study 6 catchments significantly different hydrological regimes in time can be identified before and 7 after deforestation, linked to changes in S R,1yr (Fig. 7) . For all three catchments, the 8 cumulative residuals plot outside the 95%-confidence ellipse, indicating that the time series 9 obtained in the control catchments and the deforested catchments are not homogeneous 10 (Figures 7g-7i) . 11
Rather obvious break points can be identified in the residuals plots for the catchments HJ 12 Andrews WS1 and Hubbard Brook WS2 (Fig. 7d-7e) . Splitting up the S R,1yr time series 13 according to these break points into the periods before deforestation, deforestation and 14 recovery resulted in three individually homogenous time series that are significantly different 15 from each other, indicating switches in the hydrological regimes. The results shown in Figure  16 4 indicate that these catchments had a rather stable root zone storage capacity during 17 deforestation. Hence, recovery and deforestation balanced each other, leading to a temporary 18 equilibrium. The recovery signal then becomes more dominant in the years after 19 deforestation. The third homogenous period suggests that the root zone storage capacity 20 reached a dynamic equilibrium without any further systematic changes. This can be 21 interpreted in the way that in the HJ Andrews WS1 hydrological recovery after deforestation 22 due to the recovery of the root zone store capacity took about 6-9 years (Fig. 7p) , while 23
Hubbard Brook WS2 required 10-13 years for hydrological recovery (Fig. 7q) . This strongly 24 supports the results of Hornbeck et al. (2014) , who reported changes in water yield for WS2 25 for up to year 12 after deforestation. 26 The identification of different periods is less obvious for Hubbard Brook WS5, but the two 27 time series of control catchment and treated catchment are significantly different (see the 28 cumulative residuals in Figure 7i) . Nevertheless, the most obvious break point in residuals can 29 be found in 1989 (Figure 7f ). In addition, it can be noted that turning points also exist in 1983 30 and 1985. These years can be used to split the time series into four groups (leading to the 31 
Time-variant model formulation 16
The adjusted model routine for FLEX, which uses a dynamic time series of S u,max , generated 17 with the Weibull growth function (Eq.11), resulted in a rather small impact on the overall 18 model performance in terms of the calibration objective function values (Figure 8b, 8d, 8f ) 19 compared to the time-invariant formulation of the model. The strongest improvements for 20 calibration were observed for the dynamic formulation of FLEX for HJ Andrews WS1 and 21
Hubbard Brook WS2 (Figures 8b and 8d) , which reflects the rather clear signal from 22 deforestation in these catchments. 23
Evaluating a set of hydrological signatures suggests that the dynamic formulation of S u,max 24 allows the model to have a higher probability to better reproduce most of the signatures tested 25
here (54% of all signatures in the three catchments) as shown in Figure 9a for the Hubbard Brook WS2 can be made here, as can be noted that the low flow statistics 1 (e.g. Q 95, LFR) slightly improve, and some statistics concerning peak flows deteriorate (e.g. 2 Peaks, AC), indicating similar issues regarding the modelling of snow and interception. 3 4
Conclusion 5
In this study, three deforested catchments (HJ Andrews WS1, Hubbard Brook WS2 and WS5) 6 were investigated to assess the dynamic character of root zone storage capacities using water 7 balance, trend analysis, four different hydrological models and one modified model version. 8
Root zone storage capacities were estimated based on a simple water balance approach. 9
Results demonstrate a good correspondence between water-balance derived root zone storage 10 capacities and values obtained by a 2-year moving window calibration of four distinct 11 hydrological models 12
There are significant changes in root zone storage capacity after deforestation, which were 13 detected by both, a water-balance based method and the calibration of hydrological models. 14 We found a good correspondence between water-balance derived root zone storage capacities 
